Introduction
Do organized wholesale markets promote renewable energy? In a recent open letter to the Federal Energy Regulatory Commission (FERC) and members of congress, representatives from 22 organizations devoted to renewables have asserted that they do [1] .
Fueling the speculation that renewable promotion is an unexpected benefit of joining a regional transmission organization (RTO) or independent system operator (ISO) is the current breakdown of where wind assets are located. We estimate that 66% of United States wind generated electricity was produced in RTO states in 2005, even though those states represent only 30% of US wind resource potential and 48% of national electric generation from all sources 1 [3, 4] .
While RTOs may promote renewables, their concentration in RTO states could also be caused by higher electric prices or other factors; investments in renewables may even have occurred prior to states joining RTOs. Several groups have argued that RTOs promote wind by compensating for wind variability over a large number of traditional generators and via a transparent market signal to independent power producers (IPPs) [1, 2, 5] . They also state that transmission planning processes in RTOs have helped integrate remote renewables. These arguments apply to wind; the non-dispatchability point also applies to solar; the remoteness argument also applies to geothermal. Only the market transparency point applies to biomass generation.
We do not evaluate these qualitative arguments in detail, but rather we investigate production data to find whether renewables production actually has increased more in RTO states over 1990-2005. Our hypothesis is that a statistical analysis will find a positive association between RTO status and renewable production after controlling for other possible structural variables. BioRes1 -BioRes5 Five variables indicating biomass resource potential -- [4, 22] 2 Alaska and Hawaii are excluded for several reasons. First, many of the specified data such as resource potential are not available from these sources. Second, both Alaska and Hawaii can be seen as special cases because of their differences in geography, climate, and distance when compared with the contiguous 48 states. 3 The database also contains estimates of residential and commercial solar BTU "consumption" for the combination of solar thermal and photovoltaic (PV) units, but the numbers are not disaggregated [3] . The estimate is entirely based on shipments of solar thermal collectors by state and does not account for PV shipments. We do not include these numbers in our solar generation variable. 4 The real gross state product is normalized by the state population according to the 1990 census [18] . 5 Percent of major party votes after excluding the count of third party votes. 6 We also collected data for the renewable resource potentials of solar and geothermal resources and will make those data available upon request [20, 21] . We do not report them here however because as discussed in Section 3.2 and 3.3, there is not enough output of these types of renewables to perform meaningful regressions with the data.
Data
We make the following additional notes on data collection.
RTO Status
We use three different classification schemes to account for RTO status. In the first, we track the number of years that a state territory has been at least partly (and perhaps entirely) within an RTO with variable RTO. In the second, we distinguish between the number of years that a state has spent partly within RTO territory RTOPart and fully within RTO territory RTOFull. In the third we use dummy variables (1 or 0) to account for RTO membership.
The classification of states as fully, partly, or not at all within RTOs required judgment in some cases. For example, we treat California as fully within an RTO even though there are actually some sections of
California not within California ISO (CAISO) territory. Figure 2 shows our classification of each state over time. We treat the date that wholesale market operations began as the start date for RTO classification and count the fraction of the year that the state has been within the RTO.
State Renewables Policies
The status and enacted dates of these 19 state policies 7 are from the Database of State Incentives for Renewables and Efficiency (DSIRE), as shown in Figure 1 [17] . We track the number of years that each policy has been in effect for each state. Since these 19 variables were correlated, we calculated their principal components. We use the top eight components, see Appendix A.1 Figure 1 . State policies on renewable energy by state [17] . The darker the box, the longer the policy had been in place as of 2005. A totally black box indicates that the policy had been in place at least since 1990; a totally white box indicates that the policy was enacted exactly at the end of 2005.
Time
The dummy variables for year implicitly control for factors that are constant across all states in a given year, e.g., the presence or absence of the federal production tax credit (PTC) [23] .
Biomass Resource Potential
The 28 biomass resource variables indicate total available dry tons of six types of biomass including urban waste, mill waste, forest residue, agricultural residue, switchgrass, and short rotation woody crops. The data indicate the quantity of each biomass fuel available at or below prices of $20, $30, $40, or $50 per dry ton [22] . The data are appropriate indicators of both wood and waste biomass resources. We controlled for the correlation among the 28 using principal components, using the top five components, see Appendix A.2.
Timing of RTO Formation and Locational Growth in Renewables
The most basic way to evaluate whether RTO status impacts renewables is to ask whether investments were made before RTO entry. [7] [8] [9] [10] [11] [12] . Figure 3 shows the growth in renewable power over the last half century. Data before 1988 cover utilities only; beginning in 1989 these EIA data also cover independent power producers, leading to a discontinuity in the figure. There are several interesting features in these data. The 7 first is that growth in wind took off starting in 1998. This roughly coincides with the advent of organized markets; PJM was the first market to begin wholesale operations in April, 1997 [13] .
Three factors aside from RTO formation promoted wind at that time. First, many states adopted renewable portfolio standards (RPSs) in the late 1990s and early 2000s [17] . Second, federal PTCs that promoted wind production lapsed three times between 1998 and 2005. Samaras has shown that new wind capacity came online in big jumps just before these lapses in order to lock in the 10-year PTC guarantee [23] . Third, technology improved significantly in the 1980s and 1990s, driving costs below a critical threshold that made wind profitable in some places; capital costs decreased from almost $2,500/kW in 1990 to just above $1,500/kW in 1998 [24] . Finally, this figure does not compare growth rates between RTO and non-RTO states, see Section 3.1. Figure 4 shows wind production over time within each RTO. We do not show Midwest ISO or Southwest Power Pool data because of their recent market start dates 9 . PJM has expanded several times and has many states only partly within its territory; we therefore show only states that were in PJM territory when it introduced the wholesale market on April 1, 1997. The last plot in the figure shows the growth of wind in states that had not joined an RTO by 2005. 
Wind Generation over Time
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The left-hand plot of Figure 5 Figure 5 shows the same data after California has been removed. Vertical dashed lines indicate the start dates of the five RTOs from Figure 4 ; PJM's expansion in 2002 is not shown. The plots in Figure 4 show that in each of the five RTOs examined, the takeoff of the growth in wind roughly, but only roughly, coincided with the introduction of the organized wholesale market. The suggestion is weakened however after looking at the growth of wind in non-RTO states in the last plot of Figure 4 . Growth in wind took off in both RTO states and in non-RTO states at the same time. We proceed to a formal statistical analysis of these data.
Wind generation is concentrated in a few states. Figure 6 and Table 2 show the fraction of total US wind generation from the top producers. Since California and Texas account for almost half the wind energy and Iowa and Minnesota adding 18% more, these four states will dominate the analysis, see Section 4.1. Figure 7 shows the growth of solar between 1990 and 2005. Arizona, California, Texas, and Virginia are the only states with any history of solar production the power sector 13 . In 2005 only two states produced any solar; California produced 97.5% and Arizona produced the remaining 2.5%. The plots in Figure 7 and the data from Virginia show no indication that RTO status has influenced the production of solar energy. These data do not indicate a relationship between RTO membership and solar generation.
Solar Generation Over Time
3.3
Geothermal Generation Over Time Figure 8 shows the growth of geothermal over time. Only four states have any history of geothermal generation. California is the only RTO state with any history of Geothermal Generation; its geothermal output was large well before market operations began in April 1998. The remaining three geothermal producers, Hawaii, Nevada, and Utah, are shown on the right have never been in an RTO. Table 3 shows what fraction of that generation comes from each of the four producing states. We find no evidence that membership in an RTO promotes geothermal generation. Figure 9 shows the growth of wood biomass consumption for electric generation in each RTO. Although the volatility makes it hard to observe a trend, wood biomass may have increased in CAISO, ISO-NE, and PJM when markets began operations; over the same time period of 1997-2002, wood biomass in non-RTO states dropped fairly sharply. These data point to the need for a statistical analysis. The left-hand plot of Figure 10 Figure 10 shows the same data after California has been removed. Vertical dashed lines show the start dates of the five RTOs from Figure 9 and Figure 4 ; PJM's expansion in 2002 is not shown.
Wood Biomass Generation Over Time
Again we observe a drop in wood biomass consumption in non-RTO states as it is increasing in RTO states between 1997 and 2002, suggesting the need for a statistical analysis. Table 4 shows the fraction of wood biomass consumption for electric generation occurs in the top wood biomass states. As in the cases of other renewables, we see that almost half of the consumption is in two states. Figure 11 shows the growth of waste biomass consumption for electric power production over time within each RTO formed before 2002. The last plot also shows consumption in the states that were not in RTOs by the end of 2005. Any trends that may be related to RTO formation are not clear given the volatility, but none of the RTOs appears to have had growth in waste biomass that is different from the slow growth in non-RTO states. Figure 12 shows slow, steady growth in waste biomass Table 5 shows the consumption of biomass waste for electricity generation in the top consuming states. Four states account for almost half the waste biomass consumption. 
Waste Biomass Generation Over Time
Renewable Production as a Function of RTO Status
The graphical analysis comparing RTO with non-RTO states before and after establishing these RTOs does not make a case that RTOs promote renewables. We now turn to more formal statistical analysis to explore the relationships between renewables and RTO. For solar and geothermal, there is so little use outside a few states that a statistical analysis cannot contribute our sorting out the effect of RTOs.
Notes on Regression Methods
We use two different approaches to exploring the statistical relationship between membership in an RTO and the use of renewables. In one we build a model we regard as structural and fit it to the data. In the other we explore the relationship between the two variables of interest fitting a wide range of specifications that appear to be plausible in controlling for other factors that influence the use of renewables. We use "feasible generalized least squares" (FGLS) to estimate the structural model in order to correct for autocorrelation and heteroscedasticity in the residuals [26] . For exploration, we use both FGLS and ordinary least squares (OLS).
Data Transformation -All variables except the dummy variables have been centered and scaled so that the tranformed variables all have a mean of 0 and a standard deviation of 1 28 . This means that the signs and relative magnitudes of variable coefficients are meaningful, but that the absolute magnitudes of variable coefficients must be interpreted with care. In our regressions, a coefficient of 0.5 means that a change of one standard deviation in the right-hand variable is associated with a positive change of 0.5 standard deviations in the left-hand variable.
Principal Component Analysis -For some groups of input data that may be highly multicollinear such as biomass resource potential variables and state renewables policies, we have transformed these data into their principal components. We then use the principal components as independent variables in these regressions as discussed in Appendix A.
Autocorrelation -
The assumption under OLS is that the errors (observed renewable generation minus the regression's predicted value) are independently, identically distributed. This assumption implies, among other things, that the observation of wind output from one year is assumed to be independent of the wind output from the previous year. This assumption is violated because most of the capacity installed last year will still be installed this year.
Since the regression generates errors that are related to output, the systematic pattern in output leads to a systematic pattern in the error terms.
Heteroscedasticity -As noted in Section 3, wind, wood, and waste are concentrated in just a few states. This means that both the magnitude of generation outputs and the magnitude of variability in those outputs are much larger in some states than in others. Under OLS, this means that the large magnitude and variation in renewables output in California would skew the regression results severely.
Feasible Generalized Least Squares 29 -
We run a regression on panel data using FGLS, which corrects both autocorrelation and heteroscedasticity [26] .
Ordinary Least Squares -We run a variety of different regressions using OLS to explore the robustness of relationships in the data to many plausible specifications. These results are primarily for illustration however, because the OLS method does not account for autocorrelation or heteroscedasticity. These results must be interpreted only as a statistical exploration of the data.
We apply the FGLS method to the data on state outputs of wind, biomass wood, and biomass waste. The models for wood and biomass waste are similar to that for wind. 28 The mean and standard deviation are taken for each variable. For each datum, the mean is subtracted and the result is divided by the standard deviation. The transformed data then have a mean of zero and standard deviation of one. 29 We use the econometrics program Stata to implement these methods. The Stata command used for FGLS with panel data is xtgls with options panels(heteroskedastic) and corr(psar1) implemented to account for heteroscedasticity and autocorrelation respectively [27] .
Wind Results
RTO Significance
We fit Equation (1) to the data, where the left-hand variable is the change in wind output from year t -1 to year t, divided by total state generation in year 2005. Because we are predicting the change in wind, we lose the 1990 observation, with 1991 representing the change from 1990, etc. to 2005; our yearly dummy variables span 1992-2005, since the first one must be excluded. The change in wind from one year to the next is a function of the variables introduced in Table 1 as follows.
RTO The number of years that the state has been at least partly in an RTO is included to test whether being a member of an RTO induces more renewables.
GSP Gross state product per capita, since wind would be selected on environmentalsustainability grounds, not because it is the cheapest source
MWh
The total amount of electricity generated in the state, since larger states should find it easier to incorporate wind into their grid.
Price The price of electricity in the state, since the higher the price, the more attractive wind is.
Dem The proportion of the major-party votes won by the democratic presidential candidate in 2004, since the liberals are more likely to favor the environmentally-sustainable electricity source.
WindPot The potential wind resource in each state, since the states with the greatest wind resource are likely to have the lowest cost.
PolicyP The eight transformed variables that characterize state incentives to develop wind such as tax benefits and renewable portfolio standards.
YT Dummy variables for each year 1992-2005. Year 1992 is 1 in each state for 1992 and 0 for other years; 1993 is 1 in each state for 1993 and 0 otherwise, etc. These dummy variables account for any factor that is common to all states in each particular year, such as the expiration of the federal production tax credit.
We hypothesize that the estimated coefficients of the variables will be positive. Some of the yearly dummy variables have negative coefficient, as might some policy variables.
(1) Table 6 displays the primary results. Parameters significant at the p ≤ 0.05 level are in bold. As hypothesized, the estimated coefficients of state income, electricity generation, electricity price, Democratic vote, and wind potential are all positive, but none attain statistical significance. As hypothesized, the state policy variables are statistically significant as a group with F(8, 691) = 5.323, p-value = 0.000. Likewise, the yearly dummy variables are significant as a group with F(14, 691) = 2.183, p-value = 0.007.
Contrary to our hypothesis, the RTO status variable is negative and significant. The coefficient of RTO continues to be negative and significant for most alternative specifications as elaborated below: replacing RTO with RTOFull and RTOPart, we find that signs and magnitudes of the other significant predictors do not change and that both of these other variables are significant negative predictors. The size of the negative relationship is small; the RTO coefficient of -0.0661 indicates that 1.57 years in an RTO (one standard deviation of RTO) predicts that the normalized growth rate of wind would be reduced by 6.61% of a standard deviation. 
Individual State Policies
To explore the effects of state renewables policies, we replaced the transformed state policy variables with the number of years in effect for each of the actual 19 policies, as shown in Table  7 . For example, a state with a renewable portfolio standard would have a 1 for this variable while states without this policy would have a zero. As measured by the Wald χ 2 statistic, this regression is better than that in Table 6 . The RTO coefficient is half as large and loses statistical significance. Two of the structural variables change sign, although neither passed the test for statistical significance under either regression. The statistically significant state programs associated with renewables are rebates, loan programs, net metering, required green power offering, and renewable portfolio standards. Sales tax incentives have a significant negative association. Corporate tax incentives are almost significant. The other 12 state programs are not significant.
For each of the significant state policies, we look into the possibility that multicollinearity could be causing us to find spurious correlation due to multicollinearity among state policies.
• Sales tax incentives are collinear with corporate tax incentives (with correlation coefficient ρ = 0.4811) and net metering (ρ = 0.3310), when excluding corporate tax incentives and net metering from the regression, the sales tax incentive is still negative but no longer significant (p = 0.500). When sales tax incentives are excluded, corporate tax incentives is no longer anywhere close to significant (p = 0.898).
• Rebate programs are not collinear with the other state policies.
• Although loan programs are collinear with some other policies, with correlation coefficients as high as 0.3390 with interconnection standards, it is only highly collinear with other state policies that have positive coefficients. This means that if those other state policies are excluded from the regression, loan programs appear to be more significantly positive.
• Net metering is positively collinear with several other state policies listed here.
Excluding the other significant policies, or even all of the policies, makes net metering appear more significantly positive because of the positive associations.
• Required green power offering is collinear with net metering (ρ = 0.3052). Because they have the same sign, when one is excluded the other becomes more significant.
• RPS is collinear with net metering (ρ = 0.490). Because they have the same sign, when one is excluded the other becomes more significant.
Based on these observations, we believe that the positive and negative associations between corporate and sales tax incentives are spurious. We do believe that the associations between wind and rebate programs, loan programs, net metering, required green power offering, and RPSes are real. 
Exploration of Alternative Specifications
To explore the robustness of the negative association of RTO with renewables, we estimated a number of different specifications. The first was to rerun the regression in Table 6 excluding the 6 states with no wind potential 30 . Since these states have no possibility of generating electricity from wind, they could be argued to be irrelevant to the analysis. The regression, shown in Appendix B, continues to have RTO as a negative significant coefficient. A second run excluded the 25 states that had no generation from wind in 2005 31 . Some of these states may be on the brink of constructing wind turbines and others may have considered and rejected wind turbines. Thus, these states represent a number of different cases, but all are lumped into zero wind. We reestimated the regression in Table 6 with just the states that had at least some wind generation. Again the results are not much different from the regression with all 48 states, as shown in the appendix. The RTO coefficient is still negative and significant.
Within the FGLS framework, we changed the state policy variables from the number of years a state had these policies to a dummy variable indicating whether they had these policies. The only substantial change was that the wind potential variable became statistically significant. Another variation was to change the RTO variable so that instead of the number of years a state was in an RTO, we used a dummy variable indicating whether it was in an RTO. This specification used principle components for the state policy variables. The principal effect of this change in the RTO specification was to make the RTO coefficient statistically insignificant, although it continued to have a negative sign. One other variation was to estimate a model whether RTO status was represented as a dummy variable and all 19 state policy variables were used. In this regression, the RTO coefficient was positive but was not statistically significant. We observe that there is a high correlation between the dummy variable for RTO membership and some of the 19 state policy variables, although that problem is eliminated when using principle components to represent the state policy variables.
We also estimated a number of different specifications for wind using OLS. In Appendix C. 1 Summary results from these 48 specifications are contained in Appendix C.1. A summary of the regression results indicates the robustness of our finding of a negative correlation between RTO membership and wind.
Of these specifications we find the following summary results relating to the possible relationship between wind and RTO status.
• In 3 specifications, the estimated coefficient of RTO is positive and significant. These estimates are unreliable because the three specifications have the worst problems with autocorrelation. We restimated these specifications using FGLS to correct for autocorrelation and heterskedasticity. When the problems with the residuals are corrected, two of the three regressions change in that the positive coefficient of RTO loses statistical significance. Thus, after correcting for problems in the residuals, only one regression has a positive, significant coefficient of RTO.
• In 24 specifications, the estimated coefficient of RTO is negative and significant.
Various problems make some of these estimates unreliable.
• In 21 specifications, the estimated coefficients are not statistically significant, although most are negative.
Given the range of specifications for the relationship between wind generation and membership in an RTO, we think it unlikely that a plausible alternative specification with these data that performs well on measures of autocorrelation and heteroscedasticity would find a positive relationship that was statistically significant. From these results we see that the data do not show evidence of a positive association between RTO membership and wind output, controlling for other factors. The data suggest rather that there is a negative relationship between the two, although we cannot assert that the relationship is causal.
Solar and Geothermal
Our analysis of solar and geothermal indicated that too few states have developed these resources to conclude whether there was a relationship between their development and membership in an RTO.
Wood Biomass Results
RTO Significance
Investigating the relationship for wood biomass, we modified Equation (1) slightly by substituting variables for the size of the biomass resource for the size of the wind resource to get Equation (2). Figure 8 displays the results from running the FGLS regression. The model does not fit the data; the Wald χ 2 test is not significant. None of the other variables are significant, although they are positive except for GSP. The estimated coefficient of RTO is negative and insignificant. Even after dropping all of the other variables, RTO status does not show a statistically significant relationship with wood. This is probably because, as observed in Section 3, the variability of wood output over time is much larger than any trend we could observe within any of the RTOs. MWh ΔWood/MWh 05 , and change in normalized wood consumption Δ(Wood/MWh). Some of these options for specifying the independent variable will mitigate the autocorrelation problem because they deal with the change in output rather than the value at any one time.
RTO Status Specification -We specify RTO status in one of the four ways. In two of the ways we use the number of years with a particluar RTO status with RTO or the combination of the two variables RTOFull and RTOPart. In the remaining two ways we use the analogous dummy variables for status.
Lagged Left-Hand Variable -We run the regressions in two ways. Once by excluding any lagged variable and once by including the value of the left-hand variable that applied in the previous year.
Of these specifications we find the following summary results relating to the possible relationship between wood and RTO status.
• In 8 specifications, the estimated coefficient of RTO is positive and statistically significant. These results are unreliable because of autocorrelation.
• Under no specifications is the estimated coefficient of RTO negative and significant.
• In 40 specifications, the estimated coefficient of RTO is not statistically significant.
The regressions show that there may be a positive association between RTOs and the use of wood biomass for production of electricity, but this is inconclusive because the relationship is not statistically significant.
Waste Biomass Results
RTO Significance
Because the biomass resource variables are indicators of both waste biomass and wood biomass as discussed in Section 2, we have used the same explanation variables for waste biomass as for wood biomass. 
Exploration of Alternative Specifications
Again we have used OLS to estimate a wide range of plausible specifications with different characterizations of waste consumption for electric generation as the dependent variable and different explanatory variables. In Appendix C.3 we show summary results from 48 different regressions including every permutation of the following:
Dependent Variable Specification -We examine six ways of measuring wood biomass consumption for electric power production; consumption Wood in BTU, normalized by total MWh output Waste/MWh, change in wood consumption from the previous year ΔWaste, change normalized by total MWh ΔWaste/MWh T , change normalized by year 2005
MWh ΔWaste/MWh 05 , and change in normalized wood consumption Δ(Waste/MWh). Some of these options for specifying the independent variable will mitigate the autocorrelation problem because they deal with the change in output rather than the value at any one time.
Of these specifications we find the following summary results relating to the possible relationship between waste and RTO status.
• In 1 specification, the data show a significant, positive correlation between RTO membership and waste. This regression shows some of the worst autocorrelation.
• In 2 specifications, the data show a significant, negative correlation between RTO membership and geothermal. Each regression shows problematic autocorrelation.
• In 45 specifications, the data show no significant correlation between RTO membership and waste biomass. Some of these regressions have autocorrelation problems or low explanatory power, but many of them have neither problem.
Based on the results from the OLS and FGLS investigations, we find some weak evidence for a negative relationship between RTO membership and waste biomass, but the finding is not robust. Although we cannot say decisively whether there is or is not a negative relationship between RTOs and waste, these results show that there certainly is not a positive relationship.
Conclusions and Recommendations
The development of renewables began well before the RTOs were organized, although the use of wind grew rapidly after RTOs began. A feasible generalized least squares analysis of a structural model showed that, after accounting for factors known to influence wind development, the relationship between wind and RTO was negative and statistically significant. We explored a wide range of alternative specifications using both FGLS and ordinary least squares to explore a wide range of plausible specifications. In 48 regressions, the RTO coefficient was significantly positive under 3 specifications, significant and negative under 24 different specifications, and insignificant under 21 specifications. When the three regressions with positive, significant coefficients for RTO under OLS were reestimated using FGLS, only one continued to be statistically significant.
For solar and geothermal, too few states have developed these resources to allow a confident statement about the relationship between development of these renewables and membership in an RTO. For wood waste and biomass waste, the models did not fit the data well. Membership in an RTO was negatively correlated with development of these resources under FGLS, although the relationships are so weak that they do not pass significance tests. There is a hint of a positive relationship between electricity from wood and RTO membership.
We conclude that there is no evidence that membership in an RTO promoted the development of renewables. The statistical analysis indicates that membership in an RTO is negatively correlated with wind development, but we have no explanation as to why this would be true and so leave this result for further investigation. Figure 13 shows the variance accounted for versus the number of principal components for state renewables policies. The variable is the number of years since 1990 that the policy has been in place. If a policy has been in place longer than 1990, only the length of time since 1990 is counted. We keep the top eight principal components from Figure  13 to use our regressions. Adding the next component would represent less than 4% of the variation in the data. Figure 14 shows variance accounted for versus number of principal components for the 28 biomass resource variables available by state. We keep the top five principal components to use in our regressions. The next component explains roughly another 2% of the variation in the data. Table 8 and Table 9 show the wind regression from 
A.2 Biomass Resource Data
